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Molecular dockingAbstract Mer receptor tyrosine kinase is a promising novel cancer therapeutic target in many
human cancers, because abnormal activation of Mer has been implicated in survival signaling
and chemoresistance. 3D-QSAR analyses based on alignment independent descriptors were per-
formed on a series of 81 Mer speciﬁc tyrosine kinase inhibitors. The fractional factorial design
(FFD) and the enhanced replacement method (ERM) were applied and tested as variable selection
algorithms for the selection of optimal subsets of molecular descriptors from a much greater pool of
such regression variables. The data set was split into 65 molecules as the training set and 16 com-
pounds as the test set. All descriptors were generated by using the GRid INdependent descriptors
(GRIND) approach. After variable selection, GRIND were correlated with activity values (pIC50)
by PLS regression. Of the two applied variable selection methods, ERM had a noticeable improve-
ment on the statistical parameters of PLS model, and yielded a q2 value of 0.77, an r2pred of 0.94, and
a low RMSEP value of 0.25. The GRIND information contents inﬂuencing the afﬁnity on Mer
speciﬁc tyrosine kinase were also conﬁrmed by docking studies. In a quantum calculation study,
the energy difference between HOMO and LUMO (gap) implied the high interaction of the most
active molecule in the active site of the protein. In addition, the molecular electrostatic potential
energy at DFT level conﬁrmed results obtained from the molecular docking. The identiﬁed key fea-
tures obtained from the molecular modeling, enabled us to design novel kinase inhibitors.
ª 2015 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is
an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Receptor tyrosine kinases (RTKs) are a large family of cell-
surface transmembrane receptors having an important func-
tion in both normal and malignant cells to signal
198 F. Shiri et al.transduction (Verma et al., 2011). One subfamily of RTKs is
referred to as the TAM family, containing Tyro-3, Axl, and
Mer. The Mer (Mertk, Nyk, c-Eyk) protein consists of an
extracellular domain with 2 immunoglobulin-like and 2
membrane proximal ﬁbronectin III motifs, a transmembrane
region, and an intracellular tyrosine kinase domain (Graham
et al., 1995, 1995). Mer is expressed in hematopoietic lin-
eages such as natural killer (NK) cell monocytes, dendritic
cells, macrophages, megakaryocytes, and platelets
(Angelillo-Scherrer et al., 2001). Mer in vivo regulates
macrophage activation, promotes apoptotic cell engulfment,
and supports platelet aggregation and clot stability. Mer
overexpression has been reported in neoplastic progression
of several human cancers and has been correlated with
poorer prognosis. The growth arrest speciﬁc protein 6
(Gas6) as the biological ligand for Mer is a member of
the vitamin K dependent protein family (Chen et al., 1997;
Stitt et al., 1995). Gas6 is the common ligand among
TAM family and interaction of Gas6 with Mer, Axl, and
Tyro-3 is important in platelet degranulation and aggrega-
tion in response to known agonists.
In the QSPR/QSAR theory, the ultimate goal is to develop
mathematical models for the estimation of relevant properties
and chemical and biological activities of interest (Pirhadi et al.,
2014). It is important especially in cases where they cannot be
experimentally determined. The molecular descriptors as the
most important building block of this process can be obtained
experimentally or computed through mathematical formulas
obtained from different theories, such as quantum mechanics,
chemical graph theory, and information theory. Herein, we
used GRid INdependent descriptors (GRIND) to drive valid
and predictive 3D-QSAR models that are more interpretable
and efﬁcient. Structural alignment of compounds has a signif-
icant effect on the accuracy of the related models and the most
important feature of GRIND is that there is no need for align-
ment of compounds. Wherein, the obtained descriptors are not
sensitive to the coordinate frame of the space, and are free of
error due to the alignment. GRIND are also easily interpreted
by going back to the compounds. So, the original information
can be obtained. Fractional factorial design and enhanced
replacement method approaches were used to select descrip-
tors for PLS model building. The validation of models was car-
ried out through a prediction set, and leave one-out cross-
validation. Furthermore, the principles of organization for
economic cooperation and development (OECD) for regula-
tory acceptability of QSARs were considered (OECD
principles for the validation). Also, docking study was used
to analyze the interaction pattern between inhibitors and
protein, and conﬁrm the obtained results of ERM-PLS and
FFD-PLS models.
The electronic effects play a key role in the identiﬁcation
of important interactions between potential drugs and
desired targets in the drug discovery process (Feng et al.,
2005). In the present work, docking studies and quantum
chemistry calculations were done on the basis of DFT the-
ory in order to explore those amino acids involved in the
binding site of the Mer tyrosine kinase. The special atten-
tion was paid to electronic effects, which are related to
HOMO and LUMO energies and molecular electrostatic
potential map.2. Materials and methods
2.1. Data set
All 81 small molecule Mer inhibitors and their biological activ-
ities (IC50 values) were collected from two references (Zhang
et al., 2013a,b). For the QSAR analysis, IC50 values were taken
in molar range and were expressed in negative logarithmic
units, pIC50 (logIC50). The chemical structures and biologi-
cal activity values of all compounds are shown in Table 1.
The selection of training and test sets was done by considering
both structural diversity and activity. The training set of 65
molecules was used to adjust the parameters of models and
16 rests of molecules were used to evaluate the model predic-
tion ability. In November 2004, the OECD member countries
regarded ﬁve principles for the validation of (Q)SAR models
for regulatory purposes, now known as the OECD principles
for (Q)SAR validation. According to these principles, a
(Q)SAR model should be associated with the following infor-
mation: a deﬁned endpoint; an unambiguous algorithm; a
deﬁned domain of applicability; appropriate measures of
goodness-of-ﬁt, robustness and predictivity, and a mechanistic
interpretation if possible. Wherein, pIC50 was regarded as the
endpoint, two PLS models based on FFD and ERM variable
selection methods were constructed. Applicability domain of
the best predictive model along with r2, q2, and r2pred of the
models was determined. Then, based on effective GRIND a
mechanistic interpretation was done.
2.2. Calculation of descriptors
GRid-INdependent descriptors are a new class of molecular
descriptors developed by Pastor et al. (2000). Pentacle program
has been proposed as a tool to build models. GRid (Goodford,
1985) molecular interaction ﬁelds (MIFs) of nodes are com-
puted by four GRid probes, and a pair of nodes (GRid MIF
minima) are used as descriptors (variables). Only those pairs
of nodes (for the same or different probe types) with the high-
est product of interaction energy (IE), at the given distance
range, were used for the PLS analysis. For the derivation of
MIFs, four most recommended probes were used. To represent
steric and hydrophobic interactions, hydrogen bond acceptor,
and hydrogen bond donor groups, we used DRY (hydropho-
bic probe), O (carbonyl oxygen), and N1 (amide nitrogen),
respectively. These probes stand for strong non-covalent inter-
actions between molecules and receptor. Moreover, to regard
molecular shape effects in the receptor ligand interaction
process, and as complementary to point interaction based
information, a supplementary probe, called TIP (shape probe),
was applied that extracts each ligand’s isosurface at 1 kcal/mol
from the ﬁeld of a normal GRid calculation. AMANDA algo-
rithm as implemented in the software (Dura´n et al., 2008) was
applied for the ﬁltering. Maximum auto and cross-correlation
(MACC2) algorithm was applied for the encoding. The grid
spacing was set to 0.5 A˚ and the smoothing windows to 0.8.
The MACC2 analysis output is usually represented directly
in correlograms where each point represents the product of
two particular nodes within the distance bin separating the
nodes of a certain compound.
Table 1 Structures of Mer speciﬁc tyrosine kinase inhibitors along with their pIC50 values.
Compound R1 pIC50
M01 8.2
M02 8.55
M03 8.41
M04a 8.77
M05 7.92
M06a 7.74
M07 8.96
M08 8.77
M09 9.15
M10 9.16
(continued on next page)
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Table 1 (continued)
Compound R1 pIC50
M11 8.47
M12a 9.16
M13 8.89
M14 9.09
Compound R2R
0
2N pIC50
M15 5.9
M16 8.74
M17a 8.35
M18 7.74
M19 7.47
200 F. Shiri et al.
Table 1 (continued)
Compound R1 pIC50
M20 7.14
M21 6.8
M22 6.7
M23 5.95
M24 6.22
Compound R3R
0
3N pIC50
M25a 5.57
M26 6.27
M27 6.77
M28 7.3
M29 7.72
M30 7.36
M31 6.42
M32 4.78
M33 7.08
(continued on next page)
Alignment independent 3D-QSAR, quantum calculations and molecular docking 201
Table 1 (continued)
Compound R1 pIC50
M34 6.96
M35a 7.85
M36a 6.49
M37 6.66
M38 7.36
Compound R01 NHR2 pIC50
M39 7.4
M40 4.9
M41 7.64
Compound R1 pIC50
M42a 7.17
M43 5.23
202 F. Shiri et al.
Table 1 (continued)
Compound R1 pIC50
M44 8.05
M45 5.6
M46 8.08
M47 8.39
M48a 7.89
M49a 8.1
M50 6.64
M51 7.82
M52 7.54
M53a 7.41
M54 7.85
(continued on next page)
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Table 1 (continued)
Compound R1 pIC50
M55 8.17
M56 8.2
M57 7.85
M58 8.28
M59 8.37
Compound NHR2 pIC50
M60a 8.68
M61a 6.23
M62 7.43
M63 6.85
M64 7.21
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Table 1 (continued)
Compound R1 pIC50
M65 6
M66 6.96
M67 6.21
M68a 6.77
M69 5
Compound NHR3 pIC50
M70 5.62
M71 6.82
M72 7.43
M73 7.96
M74 7.57
M75 8.14
M76 7.07
M77 7.23
M78a 7.62
M79 7.33
(continued on next page)
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Table 1 (continued)
Compound R1 pIC50
M80a 6.74
M81 6.92
a Test set.
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Several methods can be used to reduce the original pool of
descriptors and to extract the most informative variables with
an appropriate size. Uninformative descriptors that have either
no information or those redundant with other descriptors pre-
sent in the descriptor pool would be eliminated (Ghasemi and
Tavakoli, 2012). We used FFD and ERM methods as the vari-
able selection approaches to extract the most informative
GRIND. Then, partial least squares method was applied for
model building. FFD was applied several times on the gener-
ated set of descriptors to reach the stable and reliable results.
The optimum number of PLS components was chosen by
monitoring changes in the model’s predicting index (q2loo, leave
one-out) evaluated by applying the cross-validation procedure
available in the pentacle. The PLS coefﬁcients stand for the
contribution of each single variable to the model only with
respect to the Y. Positive value coefﬁcients increase the inhibi-
tion potency of the compound, and vice-versa. Before using
the ERM approach, all zero value variables were deleted.
Also, correlations of each two variables were checked and
between those highly correlated (above 0.95), the one with
lower correlation with Y was discarded. The replacement
method (RM) has been evolved from stepwise algorithm.
The ﬁrst report was by Duchowicz et al. for the QSPR study
on normal boiling points of some organic compounds
(Duchowicz et al., 2005). To minimize the standard deviation
(S), it systematically searches the pool of D (N · D) variables
according to the MLR procedure, to ﬁnd d optimal
descriptors:S ¼ 1ðN d 1Þ
XN
i¼1
res2i ð1Þ
where N is the number of molecules in the training set and resi
is the difference between the experimental and the predicted
properties for the molecule i. The RM ﬁrst chooses a vector
of d descriptors at random and establishes a linear regression
(Duchowicz et al., 2006). Then, in the resulting set, each time
a variable with the highest standard deviation value in its coef-
ﬁcient is substituted with all of the remaining D  d descrip-
tors, one by one (without considering the one(s) changed
previously). This procedure is repeated until the standard devi-
ation value does not decline by more replacements. Then,
descriptors having the smallest value of S (in Eq. (1)) as the
ﬁnal optimal sets of d are retained. In the modiﬁed replacementmethod (MRM) version, the descriptor with the largest error is
substituted even if that replacement is not accompanied by a
smaller value of S. The order of RM–MRM–RM is named
ERM. It judiciously removes the noisy variables from informa-
tive ones in a semi-full search manner (Mercader et al., 2010).2.4. The Applicability Domain (AD)
Having a deﬁned domain of applicability is one of the ﬁve
principles for the validation of (Q)SAR models for regulatory
purposes, now referred to as the OECD principles for (Q)SAR
validation. This need is based on the fact that (Q)SARs have
unavoidably limitations in terms of types of physicochemical
properties, chemical structures, and mechanisms of action for
which they can make reliable predictions. In the assessment
of a new compound, without any experimental value, it is
not possible to calculate the standardized residual, so the deci-
sion can only be based on the leverage. The space of domain of
applicability is generated by the descriptors of the training set
and corresponding biological activities. If the predicted biolog-
ical activity for a compound falls within this domain, it may be
considered as reliable (Gramatica, 2007). The Williams plot is
sometimes used to identify compounds that are outside the AD
on the basis of both leverages and standardized residuals.
2.5. Docking studies
All molecule structures were sketched in the ChemDraw pro-
gram. After that, they were transferred into the Discovery
Studio 2.5 (Accelrys Inc, San Diego, CA, USA).
Compounds were then typed with a CHARMm force ﬁeld
and partial charges were calculated by the Momany–Rone
option (Momany and Rone, 1992). A smart minimizer algo-
rithm was used to minimize the resulting structures, which
performs 1000 steps of the steepest descent with a RMS gra-
dient tolerance of three which was followed by a conjugate
gradient minimization. The X-ray crystal structure of the tyr-
osine-protein kinase MER in complex with the inhibitor
UNC1917 was taken from PDB (4M3Q) and was used for
docking studies. All protein preparation and minimization
were done using tools and protocols in the Discovery
Studio 2.5. A CHARMm force ﬁeld was used to type the
complex. Using the protein preparation protocol, hydrogen
atoms were added to the complex, all water molecules were
removed and the pH of the protein was set to almost neutral
value, 7.4. A sphere binding site with a nine A˚ radius was
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of the protein structure. The CDOCKER (CHRMm-based
DOCKER) program was chosen as the docking algorithm
to dock the most active compound 12 in the set into the
tyrosine-protein kinase MER binding pocket. CDOCKER
is a CHARMm-based docking tool that considers the recep-
tor rigid and generates several prime random orientations for
ligand within the receptor active site followed by the MD-
based simulated annealing and the ﬁnal reﬁnement by mini-
mization (Wu et al., 2003).2.6. Quantum chemical calculations
In this study, the geometry optimization and calculations for
the bioactive conformer obtained in the docking studies were
performed at the density functional theory (DFT) level on a
personal computer (PC) by energy optimization, using the
Gaussian 09 (Frisch et al., 2009) program package. The highest
occupied molecular orbital (HOMO) and the lowest unoccu-
pied molecular orbital (LUMO) energies at B3LYP/6-31G
(d,p) level were calculated for the bioactive conformer
obtained in docking studies. The molecular electrostatic poten-
tial (MEP) was also studied at the same level, and was created
using Molekel (Varetto, 2009).3. Results and discussion
3.1. Docking results
Docking computations were carried out to explore the proba-
ble binding conformations of potential inhibitors of the recep-
tor and to inspect signiﬁcant interactions with the protein.
Root-mean-square distance (RMSD) value was calculated
between the co-crystal (UNC1917) and the re-docked oneFigure 1 The most active molecule 12 dusing the CDOCKER to validate the docking reliability which
was found to be 1.39 A˚. The value shows a high reliability of
the docking method to reproduce the experimentally binding
mode of inhibitors. The best docked conformation of com-
pound 12 is shown in Fig. 1. In compound 12, a cyclopropy-
lamino serves as a R1 substituent at the 5-position of the
pyridine ring, which is exposed mostly to the solvent. There
are some van der Waals contacts between cyclopropylamino
and Thr681, and Tyr685. The hydroxyl group in the cyclohexyl
substituent forms a hydrogen bond with the side chain of
Asp741. The cyclohexyl ring itself may contain favorable
hydrophobic interactions with residues such as Val601, and
Met730. Also the NH from the butylamino side chain forms
a hydrogen bond with the backbone carbonyl of Pro672.
Another hydrogen bond between compound 12 and Mer
protein is formed between pyrimidine-amino group and the
backbone NH of Met674.
3.2. Results of the ALMOND model
DRY, O, N1, and TIP probes were used to compute PLS coef-
ﬁcients for the models (Ghasemi and Davoudian, 2014). The
FFD variable selection method chose a set of 370 descriptors
from a pool of 680. The best statistical PLS model was selected
with ﬁve latent variables based on the highest squared correla-
tion coefﬁcient (r2) of 0.91, and cross-validated squared corre-
lation coefﬁcient, q2, of 0.55, and interpretability and
simplicity of the model. The model also resulted in an r2pred
of 0.80. The FFD-PLS coefﬁcient histogram showing the con-
tribution of each single variable to the model versus the value
of Y is shown in Fig. 2. Positive values of the coefﬁcients
represent a direct correlation to the Y, and the negative ones
show an inverse correlation to it. As can be seen, the most
important variables that have a positive effect on the biological
activity are DRY–O: 279, O–O: 81, TIP–TIP: 211, and O–TIP:
586. In contrast, the analysis of all the distances at higher PLSocked into the cavity of Mer kinase.
Figure 2 The PLS coefﬁcient histogram of FFD-PLS, showing the importance of single descriptors to explain the Y: positive values of a
coefﬁcient indicate a direct correlation to the Y, and negative ones indicate an inverse correlation to the Y.
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Figure 4 The domain of applicability of ERM-PLS on the
GRIND MIFs.
208 F. Shiri et al.coefﬁcients revealed that the variables O–TIP: 590, N1–N1:
142 and O–O: 90 correlate negatively with the activity.
ERM-PLS model was generated based on 20 descriptors
selected by ERM approach. The best model was chosen with
four latent variables and the lowest error. The statistical results
of the model were more superior to the FFD-PLS model. The
plot of experimental versus predicted values for this model is
shown in Fig. 3. It yielded a q2 = 0.77, a r2 = 0.92, a
RMSEC= 0.31, a RMSEP = 0.25 and a r2pred of 0.94. The
most important descriptors (based on VIP scores greater than
one) and with positive impacts on Y are O–TIP: 576, N1–TIP:
638, DRY–TIP: 460 and the ones with negative effects are
TIP–TIP: 230 and DRY–N1: 358. Williams plot for deﬁning
the applicability domain for the best constructed model, using
four latent variables for 65 chemicals was considered. Theparameters were deﬁned as p= 5, n= 65, and h* = 3 · 5/
65 = 0.23. With moving from the origin toward the x direc-
tion, the unreliability of the predicted values will be increased,
and going toward the y direction the predictivity of the model
will be decreased (Fig. 4). This Figure shows that the ERM
selected variables are so successful that no molecules were
identiﬁed as an outlier in the ERM-PLS model.
3.3. GRIND interpretation
FFD and ERM were used to choose the most important
descriptors generated by AMANDA. According to Fig. 3,
the chemical interpretation of the generated FFD-PLS models
was carried out by choosing ten most important descriptors:
three O–O node pairs, two O–TIPs, two N1–N1, one
Figure 5 The graphical display of GRIND variables with
variables 279 of the DRY–O block, 576 of O–TIP and 638 of
N1–TIP block for the selected compounds (a) 10 and (b) 9.
Alignment independent 3D-QSAR, quantum calculations and molecular docking 209N1–TIP, one TIP–TIP and one DRY–O. The variable 279
with the highest positive effect on Y has a distance of 2.8–
3.2 A˚ and is between DRY hydrophobic node and O acceptor
node. It is among the carbonyl of the amide group and the car-
bon of N-methylpiperazine in the compound 10 (Fig. 5a). This
variable can be observed obviously in active compounds such
as compounds 9, 14, 7, 13 and 8. The DRY node shows the
importance of the hydrophobic interactions between analogues
and Mer cavity. The second positive effective descriptor is
O–O: 81, (5.2–5.6 A˚) that shows the importance of hydrogen
bonding acceptor groups. So, for this dataset, hydrogen
bonding is very important. As a case in point, in compound
9, one node is directed to the hydroxyl group attached to the
cyclohexyl substituent. As mentioned earlier, the polar group
on the R2 site is critical and can have a hydrogen bond withthe carbonyl of Asp741 (Zhang et al., 2013b). For example,
removing the hydroxyl group from the cyclohexyl ring to gen-
erate ligand 15 signiﬁcantly declined Mer activity (74-fold),
while introducing an amino group at that position boosted
the activity of the analogue 16. Remarkably, the PLS
coefﬁcient plot reveals that most of the variables of
O–N1correlogram that have positively correlated bars are sit-
uated on the right side of the correlogram with the larger
node–node distance. There is an inverse relationship between
the variable 590 O–TIP at a distance of 18.4–18.8 A˚, and the
biological activity. This predictor does not occur in some of
active compounds such as 9 and 13.
Variable importance in projection (VIP) scores estimate the
importance of each variable in the projection used in a PLS
model. The PLS–VIP method showed best in identifying rele-
vant variables and outperformed the other approaches.
Herein, a general ‘greater than one rule’ is used to choose rel-
evant descriptors. Namely, a variable with a VIP score greater
than one can be regarded important in a given model (Chong
and Jun, 2005). Among 20 predictors chosen by ERM
approach, nine of them had VIP score more than one. The lar-
gest VIP scores were related to correlograms TIP–TIP, O–TIP,
N1–TIP, DRY–TIP, DRY–N1, O–O, DRY–O and O–N1.
The predictor O–TIP: 576 had the highest positive effect on
the activity. This variable indicated a signiﬁcant distance of
12.8–13.2 A˚ between O and TIP nodes. In the most active
training compounds 10, 9, 14, 7, and 13, the acceptor node
was seen on the hydroxyl group of the R2 substituent on the
cyclohexyl ring, as indicated before, and this substituent forms
a hydrogen bond with the side chain of Asp741, Fig. 5b. The
TIP shape node is located on the butyl amino side chain. This
ﬂexible lipophilic butyl side chain is fully conﬁned to the rela-
tively small adenine pocket. The second positive predictor is
the N1–TIP pair. The N1 variable in compounds 10, 9, 7, 13
and 14 is located on the NH attached to the cyclohexyl ring.
A TIP shape node is again situated on the butyl aminoside
chain. Another important descriptor is a DRY–TIP. In com-
pound 10, a TIP is situated on the hydroxyl group attached
to the cyclohexyl ring, and a DRY is seen on the methyl of
N-methylpiperazine. This DRY probe in compound 9 is
located on the morpholine substituent.3.4. Frontier molecular orbital
According to the frontier molecular orbitals theory, HOMO
and LUMO energies are two signiﬁcant indicators of the
chemical reactivity. Electron donor and electron acceptor
characters of a compound are measured by the HOMO and
LUMO energies respectively. The energy difference between
the HOMO and LUMO (gap) is also a simple important mea-
sure of the molecular stability. A small gap value implies the
high reactivity of molecules in reactions while a large gap value
implies the high stability of molecules and the low reactivity in
reactions.
GAP ¼ EHOMO  ELUMO ð2Þ
HOMO represents the ability to donate an electron, while
LUMO as an electron acceptor represents the ability to obtain
an electron. In Fig. 6, HOMO and LUMO of the conformer
obtained from docking, together with the HOMO–LUMO
gap are given. As can be seen, Fig. 6 reveals that the
Figure 6 HOMO and LUMO and the energy levels for the most active molecule 12.
Figure 7 Molecular electrostatic potential map (in a.u.) of the
most active molecule 12.
210 F. Shiri et al.pyrimidine, the pyridine ring and the –NH group have
extended HOMO and LUMO densities. These observations
conﬁrm the obtained results from the molecular docking.
3.5. Molecular electrostatic potential
The molecular electrostatic potential (MEP), V(r), at a given
point r(x, y, z) located in the neighborhood of a molecule
can be deﬁned in terms of the interaction energy between the
electrical charge generated from the molecule electrons and
the nuclei as well as a positive test charge (a proton) placed
at r. V(r) values for the studied system were calculated employ-
ing the Eq. (2)VðrÞ ¼
X
ZA=jRA  rj 
Z
qðr0Þ=jr0  d3r0 ð3Þ
where ZA is the charge of nucleus A located at RA, q(r0) is the
electronic density function of the molecule, and r0 is the
dummy integration variable.
The MEP is related to the electronic density and can also be
used as a highly beneﬁcial descriptor for the determination of
sites for electrophilic attack and nucleophilic reactions as well
as hydrogen-bonding interactions (Kaufman, 1979; Luque
et al., 2001). The electrostatic potential V(r) is also well-suited
for analyzing processes based on the recognition of one mole-
cule from another one as is in drug–receptor and enzyme sub-
strate interactions. Since it is through the potentials two
species ﬁrst ‘see’ each other (Politzer et al., 1985). Deﬁned as
a real physical property, V(r) can be determined experimen-
tally by diffraction or computational methods (Politzer and
Truhlar, 1981).
MEP was calculated at the B3LYP/6-31G (d,p) optimized
geometry so that it was possible to anticipate reactive sites
for electrophilic and nucleophilic attacks for the titled mole-
cule. As shown in Fig. 7, two regions namely negative (red)
and positive (blue) were related to electrophilic and nucle-
ophilic reactivity respectively. As it is clear from Fig. 7, the
negative region for the electrophilic attack is at the pyrimidine
and pyridine ring with red and yellow color. The negative
region is localized on the unprotonated nitrogen atom of the
pyrimidine ring, N, with a maximum value of 0.12 a.u. that
is an H-bond acceptor from the backbone NH group of
Met674 in the docking. However, a maximum positive region
is localized on the atom N near to the pyridine ring, probably
due to the hydrogen, with a maximum value of 0.183 a.u.
Furthermore, a positive region is localized on the atom N near
to the pyrimidine ring that is an H-bond donor to the carbonyl
Alignment independent 3D-QSAR, quantum calculations and molecular docking 211group of Pro672. The existence of an H-bond between OH of
the cyclohexanol and the carbonyl group of Asp741 was con-
ﬁrmed by the positive region of the H in the cyclohexanol.
Also, it is in accordance with the GRIND study that there
has been an O–TIP: 576 node pair between the OH of the
cyclohexanol and the chain of butyl amine in compound 10,
Fig. 5a. Finally, we are very surprising from the agreement
of the results of different molecular modeling methods, and
the identiﬁed key features enabled us to design new potent
kinase inhibitors.
4. Conclusions
In this work, we aimed to compare the results of two variable
selection algorithms, namely FFD and ERM on a set of
GRIND. The quality of results suggested that the ERM was
more preferable to the FFD. Also, we followed the OECD
guidelines by deﬁning an appropriate end point of pIC50,
choosing unambiguous algorithms of FFD-PLS and ERM-
PLS, deﬁning the domain of applicability for the best
statistical constructed model, having appropriate measures of
goodness-of-ﬁt, robustness and predictivity, and a mechanistic
interpretation by using GRIND. The interpretation of selected
descriptors showed that the polar group on the R2 site is
critical and can form a hydrogen bond with the carbonyl of
Asp741. The predictor O–TIP: 576 had the highest positive
effect on the activity and the importance of which was con-
ﬁrmed by both docking and MEP studies. Also, DRY nodes
showed the importance of the hydrophobic interactions
between analogues and the Mer cavity. The results of the
molecular docking were in a good agreement with the MEP
at a DTF level. Finally, it was possible to anticipate reactive
sites of the electrophilic and nucleophilic attack for the titled
molecule.
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